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Published: 7 September 2026 learning has improved molecular modeling, existing methods often describe
molecules through a limited structural view or combine multiple views without
sufficiently exploiting their complementary relationships. In addition, graph-based
approaches commonly concentrate on local atomic connectivity, making it difficult
to represent chemically meaningful structural units that may strongly influence
molecular properties. This paper develops MG-CMIF, a multi-granularity cross-
modal framework for molecular property prediction. The proposed model describes
each molecule from symbolic, topological, and spatial perspectives and learns an
integrated representation through three key designs. First, hierarchical graph
modeling combines detailed atomic interactions with substructure-level chemical
patterns to enrich topology-oriented features. Second, interaction across molecular
views enables information relevant to property prediction to be exchanged
selectively rather than merged through shallow operations. Third, alignment-
oriented training objectives encourage representations derived from the same
molecule to preserve compatible chemical semantics during fusion. Experiments on
multiple public benchmark datasets show that MG-CMIF achieves better prediction
results than competitive methods in both classification and regression settings.
Further ablation analyses confirm that hierarchical structural modeling and cross-
view integration both contribute to the effectiveness of the proposed framework.
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1. Introduction

The high cost of experimental drug development makes efficient early-stage molecular screening increasingly
important, since bringing a new drug to market generally requires more than one billion US dollars [1]. Throughout
the discovery process, molecular properties provide essential information for evaluating, selecting, and generating
candidate compounds [2]. The practical value of computational molecular analysis depends heavily on whether
a model can encode structure-related chemical characteristics in an informative form, as such knowledge underlies
various drug-oriented prediction and design applications [3—6]. Benefiting from advances in deep learning
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techniques [7—10], neural models are increasingly used to derive property-relevant features directly from molecular
descriptions, thereby providing a more effective basis for molecular property prediction.

Molecular structures can be described from different views, which mainly include sequence-based, graph-
based, and geometry-based representations. Sequence-based representations, represented by SMILES [11], transform
atoms, chemical bonds, functional groups, and other chemical information into textual strings, but they do not
explicitly preserve molecular topology or spatial structure. Graph-based representations model molecules as
graphs, where atoms and bonds are encoded as nodes and edges, making them suitable for capturing connectivity
patterns and structural fragments such as rings. However, molecular graphs are still limited in describing three-
dimensional conformations and stereochemical information such as atomic chirality. Geometry-based representations
further introduce spatial information, including atomic coordinates, bond angles, and torsion angles, thereby
providing complementary cues for molecular structure modeling. Despite these advantages, each individual
representation only reflects molecules from a specific perspective and is insufficient to characterize complex
molecular properties comprehensively. Therefore, multi-modal molecular representation learning has received
increasing attention. However, many existing methods only combine two types of molecular information, which
restricts the completeness of learned representations. Even though several studies incorporate sequence, graph,
and geometry simultaneously [12,13], most existing approaches mainly focus on combining heterogeneous
molecular views through weighted summation or direct concatenation. Such strategies usually treat each modality
as an independent feature source and lack effective interaction between different structural granularities and
molecular views. Moreover, semantic consistency among sequence, graph, and geometric representations is rarely
explicitly optimized during fusion, which may limit the ability of the model to learn chemically meaningful multi-
modal representations.

In addition, many graph neural network-based molecular models still perform representation learning mainly at
the atom level. Although atom-level message passing is effective in capturing local connectivity and fine-grained
structural patterns, it is less capable of explicitly describing higher-level chemical substructures, such as motifs,
functional groups, and ring systems. For many molecular properties, the decisive factors are not limited to individual
atomic neighborhoods, but also involve chemically meaningful substructures that remain relatively stable across
molecules. For instance, functional groups often have a strong influence on toxicity, solubility, and biological activity,
while these substructure-level effects may be weakened or implicitly hidden when the model relies only on atom-
wise message propagation. Therefore, introducing motif-level modeling together with atom-level graph learning can
provide complementary structural information and improve the expressive ability of molecular graph representations.

To address the above issues and build on previous studies [14], we develop MG-CMIF to learn molecular
features through complementary structural views and hierarchical chemical information. The framework receives
molecular descriptions from symbolic notation, topological connectivity, and spatial conformation, and processes
them using dedicated encoders to preserve the characteristics carried by each view. Within the topology-oriented
branch, the molecule is represented at two structural scales: individual atoms retain detailed bonding patterns,
whereas extracted motifs describe chemically meaningful fragments. Two parallel MPNNs encode these
representations separately, and an adaptive weighting component combines them according to their contributions to
the learned graph feature. The resulting graph information is then integrated with the sequence-derived and
geometry-derived features through cross-attention, allowing relevant cues from different views to be selectively
associated rather than simply accumulated. In addition, MG-CMIF introduces a representation contrast objective
together with a modality correspondence objective to encourage semantic agreement among features originating
from the same molecule. Through these designs, the framework produces molecular representations that contain
both detailed structural evidence and higher-level chemical semantics. The resulting technical advances are
outlined below:

. A multi-granularity enhanced cross-modal information fusion framework, namely MG-CMIF, is proposed.
It unifies sequence, graph, and geometric modalities within an end-to-end model to learn comprehensive
molecular representations.

. A novel multi-granularity graph encoder is designed. It constructs atom-level and motif-level graphs
simultaneously, and jointly models fine-grained atomic structures and coarse-grained substructures via dual
MPNNSs and an adaptive granularity fusion module.

. A cross-attention-based fusion mechanism is introduced. In cooperation with contrastive learning and cross-
modal matching tasks, it promotes sufficient information interaction and semantic alignment among
heterogeneous modalities.

. Extensive comparison and ablation experiments are conducted on multiple public datasets. The results validate
the superior performance of MG-CMIF in both molecular classification and regression tasks.
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2. Related Work
2.1. Uni-Modal Molecular Representation Learning

Uni-modal molecular representation learning describes molecules from a single structural view, mainly
including symbolic sequences, molecular topology, and spatial geometry. Since SMILES converts molecules into
linear chemical strings, sequence-oriented studies usually adapt natural language processing models to extract
contextual semantics. Early recurrent architectures combine bidirectional sequence modeling with attention
to identify informative SMILES patterns, while subsequent pre-training methods learn transferable sequence
representations from large molecular corpora [15-17]. However, a symbolic sequence does not explicitly retain the
topological and spatial relationships within a molecule. Topology-centered models therefore formulate molecules
as graphs and propagate information through atom-bond connections. Methods based on communicative message
passing or multiple graph views improve the modeling of local connectivity and bond-related interactions [18—20].
Nevertheless, graph topology alone remains insufficient for describing conformational information such as atomic
coordinates, bond lengths, and bond angles. Geometry-aware representation learning further introduces spatial cues
into molecular modeling: GEM incorporates geometric relationships into the encoding process, whereas LineEvo
progressively evolves features and positions to capture angular and dihedral information [21,22]. These studies
show that different unimodal representations emphasize different molecular characteristics, but each view still has
inherent limitations in providing a complete structural description.

2.2. Multi-Modal Molecular Representation Learning

Multi-modal molecular representation learning aims to combine complementary information from different
molecular descriptions rather than relying on a single view [12,23]. One research direction integrates sequence
semantics with graph topology, where SMILES information and structural connectivity are jointly used to enrich
molecular representations or support reconstruction objectives [24,25]. Another direction focuses on the
correspondence between two-dimensional graphs and three-dimensional conformations. By introducing self-
supervised objectives or masking-based pre-training, these methods learn associations between molecular topology
and spatial structure [26,27]. More recent studies extend this idea to three-modal settings, incorporating sequence,
graph, and geometric information within the same prediction framework [13,28]. In addition, several studies focus
on adaptive fusion and interaction-oriented fusion strategies. For example, MoLA employs layer-wise adaptive
fusion to dynamically integrate heterogeneous molecular representations [29], while MCMPP introduces cross-
attention to capture complementary information among SMILES, molecular fingerprints, graph structures, and
three-dimensional conformations [30]. Although these efforts broaden the information available for molecular
modeling, the interaction among modalities is often implemented through direct concatenation or similarly shallow
fusion operations. Consequently, modality-specific cues may not be sufficiently exchanged, and semantic
consistency across different molecular views is not explicitly guaranteed. This limitation motivates the design of a
fusion framework that can support both effective cross-modal interaction and feature alignment.

2.3. Multi-Granularity Molecular Representation Learning

Multi-granularity molecular representation learning aims to characterize molecular information from
hierarchical structural levels, enabling the model to capture fine-grained local topology at the atomic level as well as
coarse-grained chemical semantics such as motifs, functional groups, and ring structures. In recent years, relevant
research has gradually shifted from single atom-based graph modeling to hierarchical and multi-view modeling.
MGSSL [31] incorporates motif information as a self-supervised learning objective to strengthen the modeling of
molecular substructures. HiMol [32] builds connections among node, motif, and graph levels through a hierarchical
self-supervised graph learning framework to refine molecular representations. MultiGran-SMILES [33] integrates
SMILES features at atomic, subgraph, and molecular granularities for molecular property prediction. M2Mol [34]
further establishes a multi-view and multi-granularity learning paradigm to jointly model multi-scale information
from both sequence and graph perspectives. Although existing studies have demonstrated the effectiveness of
multi-granularity structural modeling, most hierarchical strategies mainly focus on extracting information within
a single modality, such as graph or sequence representations. The interaction between multi-granularity structural
information and heterogeneous molecular views remains insufficiently explored. To address this limitation, MG-
CMIF introduces dual-scale graph encoding at the atomic and motif levels. By deeply fusing multi-granularity graph
representations with sequence and geometric features, the proposed framework is capable of learning more
comprehensive and discriminative molecular representations.
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3. Methods

In this section, we first formulate the studied problem and then describe the design and functionality of each
component in the proposed multi-granularity enhanced cross-modal learning framework, MG-CMIF. As illustrated
in Figure 1, the overall architecture of MG-CMIF is composed of four main parts: the modality encoder module, the
cross-attention-based feature fusion module, the alignment module, and the prediction module.
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Figure 1. Overview of MG-CMIF.

3.1. Problem Definition

Given a molecule, the purpose of molecular property prediction is to estimate its target physicochemical
or biological property, such as solubility or toxicity, from available structural descriptions. This task requires
transforming the original molecular information into a representation that preserves property-relevant characteristics.
In MG-CMIF, the molecule is described through complementary sequence, graph, and geometric views, which
provide symbolic composition, topological connectivity, and spatial conformation information, respectively. Let X
denote the encoded multi-modal molecular input. The representation learning process and the subsequent prediction
procedure are formulated as follows:

H=fX) ()

y = P(H) 2

where f denotes the neural network responsible for mapping the input X into the learned molecular representation
H, P represents the property predictor, and y is the predicted molecular property. By incorporating SMILES
sequences, molecular graphs, and molecular geometric features into X, the model is expected to provide a more
informative basis for property prediction.

3.2. Modality Encoders

The modality encoders of MG-CMIF consist of three independent encoders: a Sequence Encoder, a Multi-
Granularity Graph Encoder, and a Geometry Encoder. The detailed introduction of the modality encoders is
presented as follows.

3.2.1. Sequence Encoder

SMILES describes a molecule as an ordered sequence of chemical tokens, which provides symbolic information
complementary to graph topology and geometric structure. Let a molecular sequence be denoted as S = s;|i =
1,...,T. Each token is first mapped by one-hot encoding to obtain the input feature sequence X = x|t =
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1,...,T. A Bi-LSTM is then applied to encode contextual information from both directions, and its forward and
backward hidden states are concatenated as the token-level representation /;:

h, = Concat (LSTM (x;, h_,), LSTM (x,, EH)) 3)

After all tokens are processed, the sequence representation is formed as H = {hy,..., hr}. Since chemical
dependencies in SMILES may occur between tokens separated by relatively long distances, Hgeq is further passed

through the Transformer module to capture long-range relationships within the molecular sequence.

3.2.2. Multi-Granularity Graph Encoder

The multi-granularity graph encoder is designed to learn atom-level molecular graphs with fine-grained
structural information while explicitly extracting molecular motifs to build coarse-grained motif-level graphs.
Through this design, the model can describe not only atomic interactions but also the connectivity patterns among
different motifs during representation learning. For this purpose, Algorithm 1 is introduced to construct motif-level
graphs. Specifically, the motif extraction procedure, denoted as the ExtractMotif(-) function, is first used to recognize
and extract motif units from each molecule.

Motif Extraction: In the motif extraction process, three categories of substructures are selected as the
fundamental units for constructing motif-level graphs, and the detailed rules are defined as follows: (1) Cyclic
structures: each ring structure in a molecule is regarded as a separate motif. When two rings contain two or more
shared atoms, they are combined into a new motif. (2) Acyclic structures: for the acyclic parts of a molecular graph,
functional atoms are first detected and marked, including heteroatoms, carbon atoms involved in non-aromatic
double or triple bonds, and acetal carbon atoms. Here, acetal carbon atoms refer to sp3-hybridized carbon atoms
bonded to at least two oxygen, nitrogen, or sulfur atoms. Then, the connected marked atoms and their neighboring
ambient carbon atoms are grouped into one motif, where ambient carbon atoms indicate unmarked carbon atoms
directly connected to the marked atoms. (3) Carbon-carbon single bonds: for the remaining regions that are not
included in the above two types, each uncovered carbon-carbon single bond is taken as an independent motif,
thereby ensuring a complete partition of the atom-level molecular graph.

Construction of Motif-level Graph: As shown in Algorithm 1, after all motif nodes are obtained, edges
between motif nodes are further constructed according to their structural relationships. (1) When two motifs contain
shared atoms, these common atoms are used to define the edge connecting the corresponding motifnodes. (2) When
two motifs have no overlapping atoms, all atoms in one motif are traversed to identify atoms that are adjacent to
atoms in the other motif. The selected atoms and their adjacent atoms in the paired motif are then used together to
establish structural edges between the two motif nodes.

After the above construction process, the motif-level graph can be represented as G,,, = (V,,, E,) .
Specifically, V,, = {n,,|u € [1,..., N,,,]} refers to the set of motif nodes in a molecule, where each node
corresponds to an extracted motif. E,, = {e,,4,|u, v € [1,..., N}, ]} represents the edge set that describes the
connections between different Motifs, and N,,, denotes the number of Motifs contained in the molecule. In the
atom-level graph construction, each atom node is initialized with a feature vector containing fundamental chemical
attributes of atoms. Specifically, the atom features include atom type, degree, formal charge, hybridization state,
hydrogen count, and aromaticity information. The bond features are constructed based on chemical bond properties,
including bond type, conjugation information, and ring membership. To describe the internal composition of each
Motif, the atomic features and chemical bond features belonging to the corresponding Motif are first accumulated
and then concatenated. The obtained vector is used as the initial feature representation of the Motif, which can be
written as:

— dpt+d
Xmu = Zna_iEnm_u Xa,i S ZeijEnm,u Xa,ij € Réntde (4)

where @ indicates the concatenation operation between feature vectors, x,; denotes initial atom feature vector,
Xq,j represents the initial feature vector of the bond connecting atom nodes, and N(n,;) denotes the set of
neighboring nodes of node n, ;. For the edges in the motif-level graph, their initial features are generated from the
atomic features associated with the corresponding motif-edge connection, which is defined as:

— d
Xmuv = Zna_ieem,u,, Xa,i € Rn (5)
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Algorithm 1 Construction of Motif-Level Graph

Input: Atom-level graph Ga = (Va’Ea); ExtractMotif{(-)

Output: Motif-level graph Gm = Vi Em)

1: Initialize motifnode set Vm <« {}; 2: Initialize motifedge set Em « {};
3: for each motif obtained by ExtractMotif(Ga) do

4: Vin < Vin U Motif

5: end for

6: for "mau € Vm do

7: for Ymov € Vn do

8: if nm,u N Mmoy * O then

9: emur «— Nm,u N Nmuy;

10: end if

11: if nm,u N Mmov = O then

12: for na,i € nm,u do

13: if na,j € N(a,i) and na,j € "mwv then
14: emuw <«— emuwv U {Na,i, Na,j};
15: end if

16: end for

17: end if

18: En «— En u emauv;

19: end for

20: end for

21: G = (Vm'Em);
22: return Gm;

After obtaining the motif-level graph, a message passing neural network (MPNN) is further employed to learn
substructure-level molecular representations, thereby providing complementary information to atom-level
molecular features.

MG-CMIF uses the MPNN module to capture molecular representations from different granularities.
Specifically, information propagation is first conducted on the atom-level graph and the motif-level graph through
Atom-MPNN and Motif-MPNN, respectively. During this process, each node aggregates messages from its
neighboring nodes to generate the corresponding message representation. For an atom node @, i and a motif
node m, U, the message aggregation operations of Atom-MPNN and Motif-MPNN at the 1-th layer are defined
as follows:

mfﬁ = Zna_ jeN(na,i)(f a (xa.ij )O hfg (6)
MYy = s en(am ) Fon(Emaw) © hiny) (7

where f,(-) and f,,(-) areindependent linear layers for atom-level and motif-level representations, respectively.
Both mapping functions are implemented as trainable projection layers to transform the original graph
representations into a unified dimensional space d, facilitating subsequent granularity fusion. © indicates the
element-wise multiplication operation. The initial hidden states are given by hg)i) = W;x,; € R? and hgf)u =
WyXmu € RE.

Then, in the node state updating stage, the instantiated MPNN adopts the Gated Recurrent Unit (GRU) [35] to
update node hidden states for subsequent message propagation. By controlling the information flow between the
aggregated messages and the previous hidden states, GRU helps the model better capture the dependencies involved in
representation learning. At the [-th layer, the update processes of Atom-MPNN and Motif-MPNN are expressed as:

l l l
h{TY = GRU(MY, ) @®)
hi = GRU(m,,, hY,,) ©)

After L rounds of information propagation, Atom-MPNN and Motif-MPNN respectively apply global
pooling (GP) and max pooling (MP) [36] in the readout stage to aggregate node-level representations and obtain
graph-level molecular representations. This readout strategy improves the stability and robustness of the learned
graph representations.
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H, = GP({hflfi) | na; €V2}) ® MP({hflfi) | na; € V2}) (10)
Hp = GP({h, | tuns € Vin}) © MP( (RS2, | np € Vin}) (11)

The Multi-Granularity Graph Encoder further adopts an adaptive scaling module to adjust graph
representation vectors automatically, so that atom-level and motif-level features can be transformed into a more
suitable representation space. Specifically, learnable parameter matrices W, W,, € R*1 are first used to project
and compress the atom representation and motif representation, respectively, thereby generating the corresponding
feature description vectors:

zq = WoHg, iy = Wi Hp. (12)

where z, and z,, represent the description vectors obtained from atom-level and motif-level representations,
respectively, and d denotes the dimension of the hidden representation space.

Then, the two description vectors are integrated into a compact low-dimensional representation. During this
process, the gating mechanism is introduced to perceive contextual information and model the dependency
relationship between different granularity representations:

S=o0 (W46(W3(za &) Zm))) (13)

where S = [sg, S,] is the scaling coefficient vector used to regulate atom and motif representations, § denotes the
ReLU activation function, W3 € R*” and W, € R™? are learnable parameter matrices, and r is a hyperparameter.
The function ¢ denotes an activation function, such as sigmoid or softmax, which limits the values of the scaling
vector S within the range of (0, 1).

Finally, the original graph representations H, and H,, are reweighted according to their corresponding scaling
coefficients. The adjusted representations H, and Hj, are further concatenated to form the final graph
representation Hg.

H, =s,-Hy Hy, = Sy * Hpye (14)

3.2.3. Geometry Encoder

Topological connections alone cannot fully describe spatial characteristics that are relevant to molecular
properties. Therefore, MG-CMIF introduces a geometry encoder to complement the structural information provided
by the graph branch. In this module, LineEvo [22] is employed for geometric feature learning because it can be
incorporated into general graph neural networks without changing their basic encoding paradigm. Rather than
directly operating only on the original atom-bond graph, LineEvo reorganizes molecular geometry through line
graph transformation. Each bond in the original graph is mapped to a node in the transformed graph, and two
generated nodes are connected when the corresponding bonds share an atom. The initial feature of a line graph node
is constructed from the attributes of the two connected atoms and the corresponding bond information, which enables
the geometric encoder to preserve both chemical connectivity and local spatial relationships. In this way, local bond
relationships are converted into higher-order structural connections. Meanwhile, GATv2 [37] is used to update feature
representations, and the spatial position associated with each transformed node is determined by the midpoint of its
corresponding atom pair:

pij = (pi +1,)/2 (15)
where p; and p; denote the coordinates of atom i and atom j, respectively, and p;; is the evolved position
generated from the bond between them.

During geometric representation learning, GATv2 and LineEvo perform complementary operations.
Specifically, GATv2 first aggregates neighboring line graph node features through attention-based message
passing, allowing each bond representation to incorporate local geometric context. Subsequently, LineEvo updates
the line graph structure, node features, and spatial positions based on the evolved geometric relationships. By
stacking multiple LineEvo layers, the encoder gradually captures higher-order spatial dependencies, such as bond-
angle and dihedral-angle information, which cannot be obtained from the original atom-bond connectivity alone.

3.3. Cross-Attention Feature Fusion

The three molecular modalities encode different but complementary aspects of the same molecule. To enable
information from one molecular view to selectively interact with that from another view, MG-CMIF employs a
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cross-attention-based fusion mechanism. After the three modality encoders generate the corresponding embeddings,
denoted as H_, H_,,,and H_, pairwise cross-modal interactions are performed among sequence, graph, and
geometric representations. In each interaction, the query representation retrieves informative features from the
paired modality through key-value matching, allowing the model to emphasize cross-modal dependencies that are

more relevant to molecular characterization. The three interaction representations are calculated as follows:

Attngraph—geo = CrossAttention ( fo (ngo), fx (ngaph)f fv (ngaph)) (16)
Attgrph-seq = CrossAttention (fQ (Hgrapn ) fic (Hseq)» fV(Hseq)) (17)
Attnge,_seq = CrossAttention (fQ (Hseq),fK(ngo),fV(ngo)) (18)
CrossAttention(Q,K,V) = Softmax< QK™ ) -V (19)

/7

where Q K and V' denote the query, key, and value vectors, respectively. C is the embedding dimension,
d represents the number of attention heads, and fQ, fx, and f, are projection functions for constructing the
attention space. Accordingly, Atthgphgeo> Attgraph-seqs and Attnge,.seq contain the interaction-enhanced
information learned from the corresponding modality pairs. Finally, these three representations are concatenated
to form the fused molecular representation used by the subsequent prediction module:

Hfusion = Concat(Attngraph—geo' Attngraph—seq: Attngeo—seq) (20)

3.4. Alignment Module

Although cross-attention enables information exchange among different molecular modalities, it does not
guarantee that the representations generated from the same molecule are semantically compatible. To improve the
semantic consistency of multi-modal features, MG-CMIF introduces two self-supervised objectives, namely
contrastive learning and cross-modal matching. The former encourages representations of the same molecule from
different modalities to become closer, while the latter identifies whether a group of modal inputs describes the same
molecular instance.

3.4.1. Contrastive Loss

For a given molecule, its sequence, graph, and geometric representations should express consistent chemical
characteristics despite being obtained from different views. Therefore, contrastive learning is employed to increase
the similarity between modal representations belonging to the same molecule and decrease the similarity between
representations derived from different molecules. The contrastive objective is defined as follows:

Ler = Let(Zseqs Zgraph) + Let(Zseqr Zgeo) + Let(Zgraphs Zgeo) 1)
exp(sim(a;, b;)/T)
eLisg exp(sim(ay, by)/T)

where Zgeq, Zgrapn, and Zg,, denote the projected representations of Hgeq, Hgrapn, and Hge,, Tespectively.

Ly(a,b) =—log (22)

sim(+,") is the similarity function, and T represents the temperature coefficient.

3.4.2. Cross-Modal Matching Loss

Contrastive learning constrains pairwise modal similarity, whereas cross-modal matching (CMM) further
examines whether the three modal representations form a consistent molecular sample. During training, unmatched
samples are generated by shuffling the sequence, graph, and geometry inputs within each mini-batch. The model is then
required to distinguish matched modal combinations from mismatched ones. The CMM objective is formulated as:

Leym = z crossenlropy (y(S, G, H),p(M(hs, hG,hH))) 23)
(S,G,H)EB

where B denotes the shuffled mini-batch, and y indicates whether the three modal inputs are obtained from the
same molecule. p is the matching predictor composed of a fully connected layer and a softmax function. M
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represents the multi-modal encoder consisting of the Sequence Encoder, the Multi-Granularity Graph Encoder, the
Geometry Encoder, and the Cross-Attention Feature Fusion Module.

3.5. Prediction Module

The fused molecular representation Hgysio,, 1S finally input into the predictor P to generate the molecular
property prediction result. According to different task types, corresponding objective functions are adopted for
model optimization. Specifically, binary cross-entropy loss is used for classification tasks, while mean squared error
loss is employed for regression tasks. The prediction and training objectives are formulated as follows:

Ypred = P(Hpysion) (24)

Leomb = Lep + Lemm (25)

Las = Lycg(Vprear ¥) + 2 * Leomb (26)
Lyeg = Luse (Vprea:¥) + 2 * Leomp (27

where P is implemented by fully connected layers, and L., denotes the combined self-supervised loss formed
by L¢;, and Leyy. Since the self-supervised alignment objectives and the supervised prediction objective may
have different optimization scales, a balancing coefficient A is introduced to control their relative contributions,
thereby making the overall training process more stable.

4. Experiments

This section evaluates MG-CMIF from predictive performance, component contribution, and representation
quality. The benchmark datasets, competing methods, and implementation details are introduced to establish the
experimental setting, followed by quantitative comparisons and ablation studies that assess the overall framework
and its key designs. Visualization analyses are further conducted to provide an intuitive understanding of the
molecular representations learned by the proposed model.

4.1. Benchmark Datasets

Eight publicly available datasets collected from MoleculeNet [38] are selected to examine MG-CMIF under
different molecular property prediction settings. Among them, BACE, BBBP, ClinTox, HIV, and SIDER cover
single-label or multi-label classification problems, whereas ESOL, FreeSolv, and Lipophilicity involve the prediction
of continuous-valued molecular properties. Table 1 reports the main statistics of these datasets, including the number
of compounds, the number of prediction tasks, the evaluation metric, and the target molecular property.

Table 1. Statistics of eight molecular property benchmark datasets.

Dataset Tasks Compounds Task Type Metric Property

BACE 1 1513 Classification ROC-AUC  Inhibitory activity against human f-secretase 1
BBBP 1 2039 Classification ROC-AUC Blood-brain barrier permeability
ClinTox 2 1478 Classification ROC-AUC Clinical toxicity risk

HIV 1 41,127 Classification ROC-AUC Anti-HIV activity

SIDER 27 1427 Classification ROC-AUC Drug-associated adverse effects

ESOL 1 1128 Regression RMSE Aqueous solubility
FreeSolv 1 642 Regression RMSE Hydration free energy in aqueous solution

Lipophilicity 1 4200 Regression RMSE Octanol/water distribution coefficient

4.2. Baselines

To evaluate the predictive performance of MG-CMIF, nine representative baseline methods are selected for
comparison. These methods cover sequence-based, graph-based, geometry-aware, and multi-modal molecular
representation learning approaches:

. Seq2SeqFP [39]: An unsupervised approach that employs a gated recurrent unit (GRU) to derive molecular
representations from sequential molecular descriptions.

. SMILES Transformer [16]: A sequence-oriented model that pre-trains a Transformer on SMILES strings to
generate molecular fingerprints for downstream tasks.

. CMPNN [19]: A communicative message passing network that improves molecular graph encoding by
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enhancing information exchange between atom and bond representations.

. GATV2 [37]: A graph attention architecture that introduces dynamic attention weighting to better characterize
the relationships among molecular graph nodes.

. GEM [21]: A geometry-enhanced representation learning method that incorporates molecular geometric
information to describe spatial structural characteristics.

. GraSeq [25]: A molecular representation learning method that combines graph structures and sequence
information for joint molecular modeling.

. GraphMVP [26]: A molecular pre-training approach that learns representations by exploiting both 2D
topological structures and 3D geometric views.

. 3D Infomax [40]: A molecular property prediction method that learns informative representations by
maximizing mutual information between graph and three-dimensional molecular views.

. FTMMR [23]: A multi-representation prediction framework that integrates sequence, graph, and geometric
information through Transformer-based feature interaction.

4.3. Experimental Settings

All datasets are randomly partitioned into training, validation, and test subsets according to an 8:1:1 ratio, so
that model training, hyperparameter selection, and final performance evaluation are conducted on separate samples.
Classification performance is evaluated using ROC-AUC, which measures the model’s ability to distinguish molecules
with different labels, while regression performance is assessed by RMSE, reflecting the deviation between predicted
and true molecular property values. Each experiment is repeated with five different random seeds, and the average
result is reported to obtain a more reliable performance estimate.

For model optimization, Adam is employed as the optimizer, and the training process lasts for 100 epochs with
a batch size of 32. The initial learning rate is selected from 1 x 1073 and 1 x 107, while the maximum learning rate is
chosen from 2 x 107 and 2 x 10, Regarding the architecture configuration, the hidden dimension of each
modality encoder is set to 256 to maintain a consistent feature dimension across sequence, graph, and geometric
representations. The Transformer-based sequence encoder adopts four attention heads for modeling dependencies
within SMILES sequences. In addition, the loss coefficient 4 is set to 0.08 to balance the prediction objective and
the auxiliary alignment objectives, and the contrastive temperature coefficient 7 is fixed at 0.1. All experiments
were conducted on an Ubuntu Server 20.04 LTS platform equipped with NVIDIA GeForce RTX 3090 GPUs
(NVIDIA Corporation, Santa Clara, CA, USA).

4.4. Comparative Experiments

This study compares MG-CMIF with nine baseline methods on five classification datasets and three regression
datasets. The quantitative results are reported in Table 2. In the table, the best results are highlighted in bold, the
second-best results are underlined, and “-” denotes that the corresponding result is unavailable for a given method.
ROC-AUC is used to evaluate classification performance, where larger values indicate better results, while RMSE
is adopted for regression tasks, where smaller values represent higher prediction accuracy. Based on Table 2, the
following observations can be made:

(1) From the perspective of overall performance, MG-CMIF obtains the best results on all eight benchmark
datasets. For classification tasks, compared with the second-best methods, MG-CMIF improves the ROC-
AUC scores on BBBP, BACE, ClinTox, HIV, and SIDER by 3.9%, 5.0%, 6.8%, 3.3%, and 0.3%, respectively,
with an average improvement of about 3.9% over the five classification datasets. For regression tasks, the
RMSE values on ESOL, FreeSolv, and Lipophilicity are decreased by 12.0%, 18.9%, and 4.6%, respectively,
leading to an average error reduction of approximately 11.8%. These results indicate that MG-CMIF has
stronger discriminative ability in classification scenarios and can provide more accurate estimation for
continuous molecular properties in regression tasks.

(2) Compared with representative multi-modal and cross-modal methods, including GraSeq, GraphMVP, 3D
Infomax, and FTMMR, MG-CMIF shows more obvious performance advantages. GraSeq mainly combines
SMILES sequences with graph structural information, but does not involve geometric modality modeling or
multi-granularity graph perception. GraphMVP and 3D Infomax emphasize the interaction between 2D
molecular topology and 3D geometric structure, while the semantic information contained in SMILES
sequences is not sufficiently utilized. Although FTMMR also learns molecular representations from multiple
modalities, its graph branch still focuses on atom-level representation learning. Different from these methods,
MG-CMIF jointly models sequence, graph, and geometric modalities, and introduces a multi-granularity
graph encoder to capture both atom-level and motif-level structural information, thus producing more
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complete and robust molecular representations. Taking FTMMR as the reference method, MG-CMIF
achieves performance improvements of 29.3%, 6.8%, 6.8%, 6.3%, and 0.3% on BBBP, BACE, ClinTox,
HIV, and SIDER, respectively, and reduces RMSE by 28.6%, 48.0%, and 5.4% on ESOL, FreeSolv, and
Lipophilicity. This comparison further shows that the proposed multi-granularity enhanced cross-modal
fusion strategy is more effective than conventional multi-modal integration methods.

(3) MG-CMIF also brings clear improvements on relatively small datasets, such as ClinTox, ESOL, and FreeSolv.
Due to the limited number of training samples, models often suffer from insufficient feature learning and
unstable generalization on these datasets. However, MG-CMIF still maintains competitive and stable
performance under data-limited conditions. This suggests that the proposed framework can effectively extract
key molecular characteristics and structural patterns even when the available dataset size is relatively small.
One possible reason is that the joint use of sequence, graph, and geometric information provides complementary
supervision signals, which helps alleviate the risk of overfitting to limited samples. In addition, the alignment
objectives further regularize the representation space, enabling the model to learn more robust molecular
embeddings from small-scale datasets.

Table 2. Quantitative comparison of different methods across eight molecular property benchmarks, where 1
denotes higher values for better performance, | denotes lower values for better performance, bold indicates the best
performance, and underline indicates the second best performance.

Method Classification (ROC-AUC 1) Regression (RMSE |)
BBBP BACE ClinTox HIV SIDER ESOL  FreeSolv Lipophilicity

Seq2SeqFP 0.889  0.753 0.904 - 0.553 1.248 2.865 -
SMILES Transformer 0.906  0.739 0.917 0.683  0.561 1.081 2.376 1.169
CMPNN 0935 0.884 0.894 0.782  0.637 0.845 1.349 0.614
GATV2 0.894  0.849 0.893 - 0.605 0.633 0.948 0.605
GEM 0.725  0.849 0911 0.806  0.631 0.789 1.815 0.664
GraSeq 0.942  0.763 0.628 0.772  0.579 1.255 2.739 0.648
GraphM VP 0.735  0.857 0.803 0.770  0.639 1.047 1.867 0.769
3D Infomax 0.695 0.785 0.611 0.754  0.528 0.877 2.256 1.226
FTMMR 0.757  0.869 0.923 0.784  0.640 0.780 1.480 0.610
MG-CMIF (ours) 0979  0.928 0.986 0.833  0.642 0.557 0.769 0.577

4.5. Ablation Studies

To investigate whether each molecular view contributes useful information to MG-CMIF, we conduct modality-
level ablation experiments by removing the sequence, graph, or geometry branch individually. The corresponding
variants are denoted as w/o Sequence, w/o Graph, and w/o Geometry, and their results are reported in Table 3.
Across all eight benchmark datasets, the complete model consistently achieves better performance than the three
ablated variants. This finding indicates that the three input views are jointly required for effective molecular
property prediction: SMILES sequences describe chemical information in symbolic form, molecular graphs encode
structural connectivity, and geometric representations provide spatial configuration cues. Their combination enables
MG-CMIF to form a more informative molecular representation than any configuration lacking one of these views.
The results also reveal that different prediction tasks exhibit different sensitivities to molecular modalities.

In particular, removing the graph branch causes pronounced performance degradation on BACE, FreeSolv,
and Lipophilicity, showing that these tasks depend strongly on topology- and substructure-related information
captured by the multi-granularity graph encoder. By comparison, the decline on ClinTox is more evident when the
sequence branch is excluded, implying that sequence-level chemical patterns are important for toxicity-related
prediction. Moreover, the w/o Geometry variant performs worse than the complete model on all datasets, although
the decrease is generally smaller, suggesting that spatial conformational features act as stable supplementary
evidence rather than serving as the dominant information source in most tasks. Relative evaluation shows that
removing geometric features yields an average performance decline of 2.0% in classification ROC-AUC and 3.5%
in regression RMSE, indicating that geometric information contributes relatively more substantially to regression
tasks. Therefore, Table 3 not only confirms the necessity of multi-modal modeling, but also indicates that
molecular properties differ in their dependence on sequence, topological, and geometric information.
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Table 3. Ablation analysis of modality contributions across eight molecular property benchmarks, where 1 denotes higher
values for better performance, | denotes lower values for better performance, and bold indicates the best performance.

Classification (ROC-AUC 1)

Regression (RMSE |)

Method BBBP BACE ClinTox HIV _SIDER ESOL  FreeSolv Lipophilicity
-w/o Sequence 0969 0887 0905 0813 0612 0573 0.915 0.598
-w/o Graph 0944 0712 0952 0.806 _ 0.581  0.658 1.787 1.165
-w/o Geometry 0969 0905 0973 0.809  0.628  0.584 0.791 0.593
MG-CMIF (ours) 0979 0928 0986  0.833  0.642  0.557 0.769 0.577

To further evaluate whether the multi-granularity graph encoder can effectively model molecular structures at
both fine-grained and coarse-grained levels, we perform a targeted ablation study on this component. Specifically,
the multi-granularity graph encoder in MG-CMIF is replaced with a standard MPNN, allowing the model to learn
graph representations only from a single granularity. The comparison results are presented in Figure 2. The complete
MG-CMIF consistently performs better than MG-CMIF (MPNN) on both types of prediction tasks. Specifically, the
ROC-AUC scores are improved by approximately 2.4%, 3.0%, 2.4%, 0.7%, and 3.7% on BBBP, BACE, ClinTox,
HIV, and SIDER, respectively. For ESOL, FreeSolv, and Lipophilicity, the corresponding RMSE values decrease
by about 2.8%, 2.8%, and 4.8%. The gains observed across classification and regression benchmarks indicate that
multi-granularity graph modeling provides broadly useful structural information rather than benefits limited to a
particular task type or evaluation metric.

The main reason is that a standard MPNN mainly performs message passing on atom-level molecular graphs,
which enables it to capture local topological patterns but makes it difficult to explicitly describe higher-level chemical
substructures. In molecular property prediction, many properties are not only determined by local atom-bond
connections, but are also closely related to functional groups, ring systems, and molecular motifs with stable
chemical semantics. Therefore, relying only on single-granularity atom-level representations may lead to incomplete
structural characterization, especially when property-related cues are distributed across larger substructures rather
than individual atoms or bonds. This limitation can weaken the model’s ability to distinguish molecules with similar
local topology but different functional substructures. By contrast, the multi-granularity graph encoder in MG-CMIF
jointly learns fine-grained atom-level details and coarse-grained motif-level structural information, allowing the
graph branch to provide richer and more discriminative representations for the subsequent cross-modal fusion
module. This explains why MG-CMIF achieves more consistent prediction performance than MG-CMIF (MPNN)
on both classification and regression datasets.

B MG-CMIF(MPNN) . MG-CMIF

Classification Task Regression Task

09

0928

0791
0.901

0.8 0.769

08270833

o
o

ROC-AUC
o
~
RMSE

BBBP

BACE ClinTox

(@)

HIV SIDER FreeSolv

(b)

Lipophilicity

Figure 2. Ablation results of the Multi-Granularity Graph Encoder. (a) Classification tasks; (b) Regression tasks.

In addition, we investigate the effects of removing the cross-attention feature fusion module and the alignment
module, which are denoted as w/o cross-attention and w/o alignment, respectively. In the former variant, cross-
attention is replaced by simple feature concatenation, while the latter removes the auxiliary alignment objectives.
The corresponding results are reported in Figure 3. Compared with both variants, the complete MG-CMIF obtains
better results on the five classification datasets, indicating that feature interaction and representation consistency are
both important for multi-modal molecular property prediction.

Specifically, simple concatenation only combines different modality features at the vector level, but it cannot
sufficiently model the dependency relationships and complementary information among sequence, graph, and
geometric representations. Such a shallow fusion strategy may also introduce redundant or weakly related features,
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which can limit the discriminative ability of the final molecular representation. In contrast, the cross-attention
mechanism enables different modalities to interact with each other during feature fusion, allowing the model to
capture more informative cross-modal associations. Meanwhile, the alignment module introduces contrastive
learning and cross-modal matching to reduce semantic gaps among heterogeneous modalities, which helps the fused
representation become more consistent and discriminative. By encouraging representations of the same molecule
from different modalities to be closer in the latent space, the alignment module further improves the reliability of
multi-modal fusion. Therefore, the performance gains shown in Figure 3 demonstrate that cross-modal interaction
and semantic alignment are both necessary for improving the prediction ability of MG-CMIF.

1.0
BN w/o cross-attention 1.1
w/o alignment
N MG-CMIF
0.9 1.0
0.9
g 0.8 0.8
5 4
3 072
% 0.7
0.6
0.5
0.6 1
0.4
0.5- - - o
BBBP BACE ClinTox HIV SIDER ESOL FreeSolv Lipophilicity

Figure 3. Effect of cross-modal interaction and alignment supervision on molecular property prediction performance.

4.6. Visualization Experiments
4.6.1. Molecular Representation Visualization

To provide an intuitive illustration of MG-CMIF in integrating multi-modal molecular information, t-SNE [41]
is used to reduce the dimensionality of molecular representations learned on the BBBP dataset and visualize their
distribution, where the t-SNE dimensionality reduction algorithm is implemented using scikit-learn (version 1.3.2).
The representations generated by the three single-modality encoders are also compared with those learned by MG-
CMIF. As shown in Figure 4, the multi-granularity graph encoder and MG-CMIF can both separate positive and
negative samples relatively clearly. More notably, MG-CMIF exhibits clearer class separation and more compact
clusters, indicating that it can learn more complete molecular representations. The sequence encoder, which is
based on SMILES strings and mainly focuses on global semantic information, does not produce sufficiently
discriminative representations for this task. The geometry encoder shows less distinct separation between positive
and negative samples in the two-dimensional t-SNE projection, suggesting that geometric information alone is not
enough to describe property-related molecular features and should be combined with 2D topological structures
and 1D sequence information. Even so, the geometry encoder still shows a certain ability to cluster molecules
with different physicochemical characteristics, which reflects its usefulness in capturing structural variations
among molecules. Overall, by jointly incorporating sequence, graph, and geometric information, MG-CMIF obtains
more discriminative molecular representations and achieves better performance in molecular property prediction.
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t-SNE visualization of the molecular representation of Multi-Granularity Graph Encoder
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t-SNE visualization of the molecular representation of Sequence Encoder
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Figure 4. t-SNE projection of molecular representations from different modalities on the BBBP dataset.

4.6.2. Attention Score Visualization

To further investigate the role of the alignment module in MG-CMIF, several representative molecules are selected
from the BACE dataset, and their attention scores are visualized using XSMILES (version 0.7.0) [42]. As shown in
Figure 5, the model exhibits different attention patterns before and after introducing the alignment module. Without
the alignment module, the attention scores are distributed over multiple molecular substructures, suggesting that the
model has difficulty identifying the most informative regions from molecular representations. By contrast, when the
alignment module is incorporated, the attention weights are more concentrated on specific chemical substructures,
especially nitrogen-containing functional groups. Nitrogen is a key element in many organic compounds and often
appears in the core ring scaffolds of drug-like molecules. Therefore, assigning closer attention to nitrogen-related
substructures can provide useful clues for molecular property prediction. These results indicate that the combined
loss function helps guide the model to focus on important molecular substructures during cross-modal feature fusion.

0/
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Q/\/ HHNXCS»* W
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HN, %
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N

Figure 5. Visualization and comparison of attention scores on four molecules with and without the alignment

module. (a) With alignment module; (b) Without alignment module.

In addition, attention heat maps are used to visualize the attention weight assigned to each atom in the selected
molecules, providing a more direct view of the atomic groups that contribute to molecular properties. As shown in

https://doi.org/10.53941/jmlis.2026.100018 14 of 18



Zang et al. J. Mach. Learn. Inf. Secur. 2026, 2(3), 18

Figure 6, several atomic groups receive relatively high attention weights, indicating that the model assigns greater
importance to these regions during molecular representation learning.

Attention Heatmap for SMILES 1o Attention Heatmap for SMILES Attention Heatmap for SMILES

10

NoC oW oc oo

NCCECCCECCCCCNTENEDO

N o€ c ocococ

Figure 6. Attention weight heatmaps on four molecules.

4.6.3. Molecular Similarity Visualization

To examine whether the molecular embeddings learned by MG-CMIF are consistent with chemical domain
knowledge, four pairs of molecules with similar scaffolds within each pair but distinct scaffolds across different pairs
are randomly selected from the BACE dataset. These molecular structures are shown in Figure 7, where each pair
contains molecules with either similar scaffolds or clearly different skeleton structures. As presented in Figure 8, the
trained model is used to generate embedding vectors for the eight molecules, and cosine similarity is then
calculated between different molecular embeddings to assess the model’s ability to distinguish molecules with
diverse scaffolds. The results show that molecules within the same pair obtain relatively high cosine similarity,
while their similarities with molecules from other pairs remain low. This phenomenon indicates that MG-CMIF can
preserve meaningful structural relationships in the learned embedding space, consistent with established chemical
knowledge. Molecules with similar scaffolds tend to be mapped to closer regions, suggesting that the model captures
shared substructure patterns and scaffold-level chemical semantics. In contrast, molecules with obvious structural
differences are assigned lower similarity scores, which reflects the discriminative ability of the learned
representations. Therefore, the molecular similarity visualization further demonstrates that MG-CMIF can learn
chemically meaningful and structurally aware molecular representations, and the learned embeddings are well aligned
with practical chemical domain knowledge.

SMILES? SMILESS

SMILESS SMILESE

Figure 7. Molecular pairs with similar scaffolds.
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Figure 8. Similarity heatmap.

5. Conclusions

This paper presents MG-CMIF, a molecular property prediction framework that integrates sequence semantics,
graph structures, and spatial conformations within a unified multi-modal learning architecture, while incorporating
hierarchical structural modeling and consistency-oriented fusion to obtain informative molecular representations.
Experiments on multiple benchmark datasets show that multi-granularity graph representations improve the
characterization of chemically meaningful structural patterns, and that cross-modal interaction together with
alignment constraints contributes to more accurate and stable predictions in both classification and regression tasks.

Although MG-CMIF introduces additional computational overhead compared with single-modal molecular
representation methods due to the adoption of multiple modality encoders, cross-modal interaction modules, and
auxiliary alignment objectives, these additional components effectively capture complementary molecular
information from diverse structural perspectives and improve representation quality. Future work will include a
comprehensive efficiency evaluation of training cost, memory consumption, and inference speed compared with
existing multimodal approaches, as well as the exploration of refined strategies for mining property-relevant
molecular substructures and adaptive mechanisms to dynamically select optimal modality and granularity
information for diverse prediction tasks.
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